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Abstract 
Map-matching (MM) algorithms integrate positioning data with spatial road network data to identify the correct link on which 
a vehicle is travelling and determine the location of a vehicle on a link. There are four classes of MM algorithms, including 
geometric, topological, probabilistic and advanced. The topological map-matching (tMM) algorithms are relatively simple, 
easy and quick. Due to considering information of heading, proximity, link connectivity and turn-restriction weights, weight-
based tMM algorithms are most robust and widely used tMM algorithms. As is known to all, a metropolis usually has intricate 
road network. And the urban road density has various performances in different parts of a metropolis  urban area, which 
makes the weight scores used in tMM algorithm different. As a result, it can affect the accuracy of matched results. In this 
paper, the authors develop an enhanced weight-based tMM algorithm considering the urban road density. This algorithm was 
verified using actual taxi GPS data collected in the urban area of Harbin, China, about 600 positioning points and a 1:80,000 
scale digital map of Harbin. The results show that this enhanced weight-based tMM algorithm outperforms the base algorithm 
and has potential to support many applications of Intelligent Transport System (ITS) service. 
© 2013 The Authors. Published by Elsevier B.V.  
Selection and/or peer-review under responsibility of Chinese Overseas Transportation Association (COTA). 
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1. Introduction 
Map-matching (MM) techniques which integrate positioning data with spatial road network data have been 
developed in order to provide the real-time, accurate and reliable positioning information required by many ITS 
services such as route guidance, fleet management and accident and emergency response (Chen et al., 2003; Kim 
et al., 1996; Phuyal, 2002; Li and Chen, 2005; Li and Fu, 2003; Ochieng et al., 2004; White et al., 2000; Yin and 
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Wolfson, 2004; Zhao et al., 2003; Nagendra et al., 2009). An MM algorithm makes use of a range of data 
including position, heading, speed, and road network topology to identify the correct road segment on which a 
 that road segment (Quddus, Ochieng, & Noland, 2007; Smaili 
Najjar, & Charpillet, 2008; Xu, Liu, Tan, & Bao, 2010). There are four classifications of MM algorithms, 
including geometric, topological, probabilistic and advanced, and each has its advantages and disadvantages. MM 
algorithms may be improved by including historical data (such as the previously matched road segment), vehicle 
speed and topological information on the spatial road network (such as link connectivity) (Nagendra et al., 2009). 
A MM algorithm that uses such additional information is called a topological MM (tMM) algorithm (Greenfeld, 
2002;Li et al., 2005; Marchal et al., 2005; Quddus et al., 2003, 2007). Considering four weights (including 
heading, proximity, link connectivity and turn restriction), Weight-based tMM algorithms were proved to be high 
accuracy and could be widely used in real-time applications of ITS services by industry (Nagendra et al., 
2009,2012). 
As is known to all, lots of metropolises  road density is complex and various, and most current MM algorithms 
categorize the whole metropolis area as urban, suburban and rural area. However, in the urban area of a 
metropolis road network is quite intricate and its density performs various, and most existing MM algorithms 
barely consider this. Therefore, in this paper the authors attempt to develop an enhanced weight-based tMM 
algorithm in order to involve this situation and assess its performance using real-world field data. This process 
includes: 
 the classification of urban area by urban road density, 
 the derivation of four weights(including heading, proximity, link connectivity and turn restriction) in different 
areas through an optimization process, 
 the different performances of the algorithm before and after enhancement using a real positioning data set, 
The paper is organized as follow: The next section is an outline of the data including the map and the 
positioning data. This is followed by describing the base algorithm and map matching errors. And then describes 
the development of an enhanced weight-based tMM algorithm: including the process of dividing the urban area 
and optimization technique. The process of evaluating the performance of the enhanced weight-based tMM 
algorithm using a real positioning data set is then explained. The paper ends with conclusions. 
2. Data 
2.1. Map data 
The map data used in this paper is a 1:80,000 scale of digital map of Harbin, China, which is shown in Figure 
1. Road network data used in this study covers the 16.7 km × 14.6 km area around Harbin and consists of 
expressway, arterial road, secondary trunk road and branch road. Fig. 1 shows the whole network used in this 
study while Table 1 summarizes the 4 types road lengths and percentages. 
2.2. Positioning data 
The positioning data used in this paper is the taxicab GPS data in Harbin urban area, which was collected 
from 500 taxicabs in 2011. This study uses low frequency data with 30 seconds interval. More information is 
shown in Table 2.  
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Fig. 1 Urban road network of Harbin 
Table 1 The types of Urban road network in Harbin 
Road types Length (km) Percentage (%) 
Expressway 194.52 8.43 
Arterial road 514.33 22.29 
Second trunk road 884.62 38.34 
Branch road 713.81 30.94 
total 2307.28 100 
Table 2 Positioning data used in this study 
Data set no. Data Time Interval Size 
1 2011/4/20 9:00-11:00 30s 333 
2 2011/6/4 13:00-15:00 30s 351 
3 2011/10/2 20:00-22:00 30s 370 
3. Review of base algorithm 
This section first describes the base algorithm. This is followed by map matching errors of the base algorithm.  
3.1. Base algorithm 
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The base algorithm, which is outlined below, is almost the same as the algorithm proposed by (Nagendra et al. 
2009) and can be executed using a very simple procedure. 
The whole process is divided into three key stages: (a) initial MM, (b) MM on a link and (c) MM at a junction. 
Process (a): 
Step 1: Identify a set of the candidate links 
Step 2: Identify the correct link from the set of the candidate links 
Step 3: Determinate vehicle position on the identified link 
Step 4: If the vehicle speed is 0, go to Process (b) Step 1. 
Step 5: If the next positioning fix is not near to a junction, go to Process (b) Step 1. 
                 Otherwise, go to Process (c) Step 3. 
Process (b): 
Step 1: Choose the previously selected link as the correct link. 
Step 2: Determinate vehicle position on the identified link. 
Step 3: Go to Process (a) Step 1. 
Process (c): 
Step 1: Identify a set of the candidate links. 
Step 2: Identify the correct link from the set of the candidate links. 
Step 3: Determinate vehicle position on the identified link. 
Step 4: Go to Process (a) Step 1. 
 
There are four weights in this base algorithm: heading, proximity, link connectivity and turn restriction. The 
heading weight is a cosine function of angle between the vehicle movement direction and link direction 
(Greenfeld, 2002) and shown in Eq. (1). Where FRVI . 
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The weight for proximity is based on the perpendicular distance (D) from the positioning point to the link 
(Nagendra et al., 2009) and shown in Eq. (2). Where @
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When the vehicle is at a junction, two more weights will be necessary including the link connectivity and turn 
restriction (Nagendra et al., 2009), which are shown in Eq. (3) and Eq. (4). 

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And where Y={1,-1}, X={1,-1}.The Total Weight Score (TWS) for a link at a junction is the sum of four 
weights as given below: 
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The Hw, Dw, Cw and Tw are the weight coefficients for heading, proximity, link connectivity and turn 
restriction respectively. These coefficients represent the relative importance of different factors in calculating the 
TWS (Nagendra et al., 2009). 
3.2. Map matching errors of the base algorithm 
The values of the four weight coefficients (Hw, Dw, Cw and Tw) can be estimated from a series of controlled 
experiments in a post-processing way (Nagendra et al., 2009). Without considering the difference of the road 
density in different parts of a city s urban area, the base algorithm can lead to some obvious errors (i.e. location 
points matched to the wrong road segment). E.g. in dense area, the heading weight is more important than 
proximity weight, which lead to correct results shown in Fig. 2. However, in sparse area, the same values of these 
two weights results in incorrect outcomes, which is shown in Fig. 3.  
 
 
 
Fig. 2 Correct map matching results in dense area 
 
Fig. 3 Incorrect map matching results in sparse area 
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4. Improvements of the base algorithm 
This section is describing the improvements, which consists of the process of dividing urban area, new process 
added into the base algorithm and calculating the optimal weight scores. 
4.1. The process of dividing urban area 
In order to solve the mis-matching problems result from barely considering the road density in urban area, the 
authors attempt to divide the urban area into different parts. The process of dividing is outlined below. 
The restriction of classing the urban area is urban road density. Urban road density is the ratio of the length of 
the urban area s total road network to the urban land area. The road network includes all roads in city: 
expressway, arterial road, secondary trunk road, and branch way. In Harbin, the urban road network is quite 
intricate, and the urban area could be divided into 3 types including dense area, common area and sparse area 
according to urban road density. There are five restrictions: 
 road density (km/km2) = total road length (km) / total area(km2) 
 total road length is the length of express, arterial road, secondary trunk and branch way 
 try to make the expressway or arterial road as boundaries 
 try to keep the administrative division complete 
 the dense area s road density is more than 15 km/km2, the sparse area s is less than 5 km/km2 and the rest parts 
are common areas. 
Accordingly, the whole urban area of Harbin is divided into 9 different parts consisting of 2 dense areas, 6 
common areas and the rest areas as sparse ones, which is shown in Fig. 4 and table 3.  
 
 
Fig. 4 Result of classification (6 shaded areas are common ones, 2 crosshatched areas are dense ones and the rest areas are sparse ones) 
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Table 3 Road density of different parts in urban area  
Types no. Total length of road 
(km) 
Total area 
(km2) 
Road density 
(km/km2) 
Dense areas 1 273.82 15.03  18.22 
2 1287.85 79.19 16.26 
total 1561.67 94.22 16.57 
Common areas 1 50.43 8.98 5.62 
 2 82.28 12.03 6.84 
 3 33.83 2.90 11.67 
 4 98.32 7.37 13.34 
 5 60.95 6.15 9.91 
 6 252.91 45.76 5.53 
 total 578.71 83.19 6.96 
Sparse areas / 166.90 67.82 1.58 
Total areas / 2307.28 245.23 9.41 
Table 4 Weight matrix 
Weighs Dense area Sparse area Common area 
Hw 42.56 32.59 39.24 
Dw 12.37 67.41 48.55 
Tw 20.28 1 5.99 
Cw  24.79 1 6.22 
Table 5 Experimental results 
 Base algorithm Enhanced  
Data set no. Whole area Dense area Common area Sparse area total 
2 number 351 134 113 104 351 
ARR 92.02 97.01 96.46 99.04 97.44 
3 number 370 168 121 81 370 
ARR 90.54 97.02 97.52 100 97.84 
4.2. New process added into the base algorithm 
The enhanced algorithm first checks three criteria for matching every point to the correct link: 
 whether the vehicle is traveling in dense area, 
 whether the vehicle is traveling in sparse area, 
 whether the vehicle is traveling in common area, 
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And then the corresponding weights from the weight matrix (Table 4) suitable for that environment. are 
selected. Previously, a gradient search method was used to determine the optimal values of weight scores used in 
the map-matching process (Velaga et al., 2009). In this research, the authors using a GA-based optimization 
algorithm to determine the relative importance of different weights as Nagendra et al. did. Data set no.1 was used 
for this process.  
4.3. Algorithm performance 
    The most commonly used index for expressing map matching accuracy is the ratio of positioning points 
correctly matched to links (Tomio et al., 2012). In this paper, the authors use ARP index (accuracy ratio of 
matched), which is defined as follow:  
 
    ARR=number of correctly matched points/total number of experiment points  
 
    Note that ARR is 100% if all the points are matched to correct links, and it is 0% if all the points are matched 
incorrectly. The experimental data is data set no. 2 and 3. Data considered adequate for the purposes of this study 
was selected and manually matched to actual (true) links.  
Because the whole urban area has the same road density with the common area, the authors first experimented on 
the whole urban area with the common area s weight scores. Then, the authors tested on the dense area, common 
area and sparse area respectively, and calculated the total value. The results are shown in Table 5. 
5. Conclusions 
In this study, the authors have developed an enhanced weight-based topological MM algorithm that can be 
applied in some cities which have intricate road network. The algorithm has been tested using real-world field 
data collected in different parts of Harbin. The key contributions of this research are: 
 dividing Harbin s urban area into different parts according to road density, 
 deriving the relative importance of weights using data collected in different areas and 
 outperforming the base algorithm. 
The enhanced tMM algorithm has the potential to be applied in a range ITS services with a low polling 
frequency positioning data. This enhanced tMM algorithm is fast, simple and very efficient and therefore, has the 
good potential to be implemented by industry, especially in city with intricate road network.  
Acknowledgement 
This research was supported by the National Natural Science Foundation of China (Grant No.61179069), and 
the National High Technology Research and Development Program of China (863 Program, No. 
2011AA110306). 
References 
Chen, W., Yu, M., Li, Z.L., Chen, Y.Q. 2003 . Integrated vehicle navigation system for urban applications. In: Proceedings of 
International Conference on Global Navigation Satellite Systems (GNSS), Graz, Austria, April 22 24, pp. 15 22. 
Greenfeld, J.S., (2002). Matching GPS observations to location on a digital map. In: Proceedings of 81st Annual Meeting of the 
Transportation Research Board, Washington, DC. 
1678   Haiqiang Yang et al. /  Procedia - Social and Behavioral Sciences  96 ( 2013 )  1670 – 1678 
Kim, J.S., Lee, J.H., Kang, T.H., Lee, W.Y., Kim, Y.G., (1996). Node based map-matching algorithm for car navigation system. In: 
Proceedings of 29th International Symposium on Automotive Technology and Automation (ISATA), Florence, Italy, vol. 10, pp. 121 126. 
Li, Z., Chen, W., (2005). A new approach to map-matching and parameter correcting for vehicle navigation system in the area of shadow of 
GPS signal. In: Proceedings of IEEE Conference on Intelligent Transportation Systems, pp. 425 430. 
Li, J., Fu, M., (2003). Research on route planning and map-matching in vehicle GPS/dead-reckoning/electronic map integrated navigation 
system. In: Proceedings of IEEE Conference on Intelligent Transportation Systems, pp. 1639 1643. 
Marchal, F., Hackney, J., Axhausen, W., (2005). Efficient map matching of large Global Positioning System data sets tests on speed-
monitoring experiment in Zurich. Transportation Research Records 1935, 93 100. 
Nagendra R. Velaga, Mohammed A. Quddus *, Abigail L. Bristow, (2009). Developing an enhanced weight-based topological map-matching 
algorithm for intelligent transport systems. Transportation Research Part C: Emerging Technologies 17 (2009) 672 683. 
Nagendra R. Velaga, Mohanmmed A. Quddus, and Abigail L. Bristow, (2012). Improving the Performance of a Topological Map-Matching 
Algorithm Through Error Detection and Correction. Journal of Intelligent Transportation Systems, 16(3):147 158, 2012. 
Phuyal, B.P., (2002). Method and use of aggregated dead reckoning sensor and GPS data for map matching. In: Proceedings of Institute of 
Navigation-GPS (ION-GPS) Annual Conference, Portland, pp. 430 437. 
Ochieng, W.Y., Quddus, M.A., Noland, R.B., (2004). Map matching in complex urban road networks. Brazilian Journal of Cartography 55 
(2), 1 18. 
Quddus, M.A., Ochieng, W.Y., Zhao, L., Noland, R.B., (2003). A general map matching algorithm for transportation telematics applications. 
GPS Solutions 7 (3), 157 167. 
Quddus, M.A., Ochieng, W.Y., Noland, R.B., (2007). Current map matching algorithm for transport applications: state-of-the art and future 
research direction. Transportation Research Part C: Emerging Technologies 15, 312 328. 
Smaili, C., El Najjar, M. E., & Charpillet, F. (2008). A road matching method for precise vehicle localization using hybrid Bayesian network. 
Journal of Intelligent Transportation Systems, 12(4), 176 188. 
Tomio Miwa, Daisuke Kiuchi, Toshiyuki Yamamoto, Takayuki Morikawa. (2012). Development of map matching algorithm for low 
frequency probe data. Transportation Research Part C: Emerging Technologies 22, 132-145. 
Velaga, N. R., Quddus, M. A., & Bristow, A. L. (2009). Developing an enhanced weight based topological map-matching algorithm for 
intelligent transport systems. Transportation Research C: Emerging Technologies 17(6), 672 683. 
White, C.E., Bernstein, D., Kornhauser, A.L., (2000). Some map matching algorithms for personal navigation assistants. Transportation 
Research Part C: Emerging Technologies 8 (1), 91 108. 
Xu, H., Liu, H., Tan, C.W., & Bao, Y. (2010). Development and application of an enhanced Kalman filter and global positioning system 
error-correction approach for improved map-matching. Journal of Intelligent Transportation Systems, 14(1), 27 36. 
Y Lou, C Zhang, Y Zheng, X Xie, W Wang, Y Huang. (2009). Map-Matching for Low-Sampling-Rate GPS Trajectories. ACM GIS '09 , 
November 4-6, Seattle, WA, USA. pp. 352-361. 
Yin, H., Wolfson, O., (2004). A weight-based map matching method in moving objects databases. In: Proceedings of IEEE International 
Conference on Scientific , pp. 437 438. 
Zhao, L., Ochieng, W.Y., Quddus, M.A., Noland, R.B., (2003). An extended Kalman filter algorithm for integrating GPS and low cost dead-
reckoning system data for vehicle performance and emissions monitoring. Journal of Navigation 56, 257 275. 
